This paper examines the marginal effects of temperature on the growth rate and variability in growth rate of total factor productivity (TFP) of a country, as measured by its production efficiency relative to a stochastic frontier. Using panel data for 168 countries for the period 1950-2014 to estimate a one-step stochastic frontier function, we find that temperature has a concave relationship with the growth rate of production efficiency and with the variability in this growth rate. We observe that hotter than the average temperature is not only detrimental to production efficiency growth but also makes the growth less stable than otherwise, and these effects are larger in very hot countries with average annual temperature greater than 25°C. More importantly, we observe that the detrimental marginal effects of higher temperature depend on the level of economic development of a country; they are larger for poor countries relative to rich countries. Our findings have implications for the specification of climate damage functions in integrated assessment models and estimates of country-specific social cost of carbon.
on the effects of temperature on agricultural sector (e.g., Mendelsohn et al. 1994; Deschênes & Greenstone, 2007) , on labor productivity (e.g., Graff-Zivin and Neidell 2014) , and on other dimensions of economic activities such as mortality and morbidity (e.g., Barreca 2012) , energy consumption (e.g., Forrest 2018) , manufacturing and trade (e.g., Yunfeng and Laike 2010; Wenz and Leverman, 2016; Willner et al. 2018) , and conflict (e.g., Hsiang et al. 2013) . 1 Focusing only on a single sector or single factor of production can provide biased estimates of the effect of temperature increase on economic activities (Zhang et al. 2018) .
Other studies have examined the relationship between temperature and macro-economic indicators of economic activity using reduced form statistical methods (e.g., Dell et al. 2012; Heal and Park 2013; Burke et al., 2015; Pretis et al. 2018) . Dell et al. (2012) observe linear effects of increases in temperature on economic growth only in developing countries. However, Pretis et al. (2018) , Burke et al. (2015) , and Heal and Park (2013) find that hotter than average years are associated with a decline in per capita income in hot climatic zones but higher per capita income in cold regions, irrespective of the level of development in a country.
A relatively overlooked impact of climate change is on growth in total factor productivity (TFP). The TFP is defined as a ratio of aggregate output to aggregate input (Syverson 2011, p.329) . It is preferable to partial productivity measures, such as labor productivity, as it incorporates all outputs and inputs in a single measure (Ortiz-Bobea et al. 2018) . The TFP can also be interpreted as a measure of the efficiency of a productive process since it shows how productively physical inputs are being utilized. Growth rate of the TFP accounts for an economy's ability to increase output without a corresponding increase in the physical input base. It differs across countries and it is an important determinant of economic growth in a country. Since production is uncertain, TFP growth rates can also vary around an average value.
Climate change can affect the growth rate of the TFP and variability in this growth rate in various ways: by reducing ecosystem services critical for economic growth, leading to diversion of resources away from research and development (R&D) activities towards climate change mitigation and adaptation and reconstruction of capital as well as by reducing the productivity of factors such as agricultural land and labor (Moyer et al. 2014) . In estimating the social cost of carbon, some integrated assessment models (IAMs) such as the Dynamic Integrated Climate-Economy (DICE) model assume that the TFP is determined exogenously and climate change directly reduces aggregate output (Tisgaris and Wood 2016) . Several scholars have modified this assumption in the IAMs and allowed for the possibility that climate change may reduce the TFP growth and thereby alter long-term growth. These studies show that the social cost of carbon is very sensitive to the effects of climate change on productivity (Moore and Diaz 2015; Dietz and Stern 2015; Moyer et al. 2014) . For example, Dietz and Stern (2015) show that consumption per capita will reduce by 11.4-15 times in 2205 relative to 2005 if annual global TFP growth declines by about 0.20 percentage points. These studies assume that the effect of climate change on the TFP is the same across countries which is unlikely to be a correct assumption. A key contribution of this study is to examine the variations in the effect of climate change on the TFP across countries, due to differences in the climatic zone in which a country is located and its level of economic development; these can influence the country's capacity for mitigation and adaptation and thus the effects of climate change on productivity. An accurate assessment of the effect of climate variables on the TFP and its variation across countries is critical to obtain a valid estimate of the global social cost of carbon.
However, there is relatively limited empirical evidence of the effect of climate change on the TFP and how this effect differs across countries. A few studies have estimated the effect for a single country or for a small subset of countries. For example, Ortiz-Bobea et al. (2018) examine the effect of climate variables on agricultural TFP in the USA. Zhang et al. (2018) estimate the effect of temperature on the TFP of Chinese manufacturing firms. Letta & Tol (2018) examine the relationship between TFP growth and change in temperature shocks using a panel dataset of 60 countries over the period of 1960 to 2006. While Ortiz-Bobea et al. (2018) measure the agricultural TFP as a ratio of aggregate agricultural output to aggregate agricultural input, the other two studies measure the TFP by Solow residual. These studies have used a two-step approach that involves measuring the TFP in the first stage followed by regressing the TFP on temperature in the second stage. Moreover, these studies do not consider the effect of temperature on variability in TFP growth. Some studies find that increases in climate variability generally decrease mean crop yields and increase crop yield variance (e.g., Urban et al. 2012) . A two-step approach has been known to lead to biased estimates if the model estimated at the first step for estimating the TFP is mis-specified (Wang and Schmidt 2002) . The mis-specification could arise due to correlation between factor inputs and determinants of the TFP and lead to biased estimates of the impact of climate change on production efficiency.
In this study, we measure the TFP of a country by its productive efficiency in converting physical inputs into GDP. Productive efficiency is determined relative to a stochastic frontier, and we examine the extent to which climate variables affect a country's ability to grow its productive efficiency or the TFP. We use the terms production efficiency growth and TFP growth synonymously and interchangeably throughout the paper. A key contribution of this paper is to analyze the effects of temperature on growth and stability of production efficiency using a one-step stochastic frontier production function approach. We specifically seek to examine whether level of economic development of a country mitigates the effects of climate factors on growth and variability of productive efficiency and the extent of non-linearity in these effects.
Earlier studies have modeled the non-linearity of temperature impacts on economic activities by either adding its quadratic term as an explanatory variable (e.g., Burke et al. 2015) or arbitrarily discretizing the annual distribution of daily temperature in a fixed set of temperature bins (e.g., Zhang et al. 2018) . 2 In the present study, we flexibly parameterize both the mean and variance of the one-sided error term (efficiency growth) and the manner in which it is influenced by temperature and precipitation in the stochastic frontier of output growth; within this framework, nonlinearity arises as a result rather than an assumption. The mean measures the expected level of growth in production efficiency, whereas variance measures uncertainty in growth of production efficiency (Bera and Sharma 1999) .
We use a panel dataset for 168 countries that differ in their level of economic development and temperature zones in which they are located. The data covers the period 1950-2014. We find that annual temperature variations have non-trivial effects on the expected mean of production efficiency growth, but the direction and magnitude of these effects are related to the location of a country relative to the optimal climate zone. We find that the optimal temperature zone lies somewhere between 12 to 15 degree Celsius (°C). This finding corroborates with Burke et al. (2015) . 3 That is, non-linear marginal effects of temperature increase on production efficiency growth at the macro level are consistent with the temperatureperformance relationship observed at the micro levels. 4 We also find that interannual variability in temperature affects both, expected mean and variance of production efficiency growth. In countries located in cold regions (average annual temperature less than 15°C) an increase in temperature not only increases efficiency growth but makes it more stable than before or the marginal effects are negligible, but in hot countries (average annual temperature greater than 20°C), further increase in temperature not only decreases efficiency growth but also renders it less stable than otherwise. This finding reflects the importance of climate-driven changes in the "fatness" of production efficiency distribution tails. 5 The results provide empirical foundation for the parameters of the damage function in the IAMs for assessing possible responses of climate policies.
The results also reveal that higher levels of income moderate the marginal impact of temperature increase on both the mean and variance of efficiency growth; the impacts are more detrimental in poor countries in comparison with rich countries even though they are located in the same temperature zone. However, countries that are located in very hot climate zone (average annual temperature greater than 25°C) observe high marginal impacts irrespective of the level of per capita income.
The rest of the paper is organized as follows: Section 2 outlines the conceptual background. Section 3 presents the data and descriptive statistics. The empirical strategy is described in Section 4, and the results are presented in Section 5. Section 6 sums up and concludes the paper.
Conceptual background
We specify a stochastic production frontier with maximal output as a function of factor inputs and a random (normal) error. Actual output, therefore, equals maximal output minus a onesided error term, which represents a measure of production inefficiency. Econometric methods for estimation of stochastic production frontier are well developed in the literature. 6 We incorporate the impact of temperature on efficiency growth in a standard Solow growth model with a Cobb-Douglas production function
where Y is aggregate output; A is Hicks-neutral TFP; K and L are capital and labor inputs, respectively; α and β are output elasticities of capital and labor, respectively; and subscripts i and t stand for country and year, respectively.
3 Burke et al. (2015) find that productivity peaks at 13°C and declines at higher temperatures. Therefore, the falloff in productivity concerning hotter and colder limits implies an optimal temperature zone for economic activities. 4 In the microeconomic literature, a single peaked relationship between productivity and temperature (e.g., Graff-Zivin and Neidell 2014; Schlenker and Roberts 2009) has been observed. 5 Our application captures climate-driven changes in the "fatness" of efficiency growth distribution tails; the importance of which was stressed in Weitzman (2011) . 6 A number of seminal papers starting with Aigner et al. (1977) and Meeusen and van den Broeck (1977) have contributed in this area.
To estimate the effect of temperature change on production efficiency, we specify a stochastic production frontier as follows. (Eq. 1) shows that output can deviate from maximum possible level due to random shocks (v it ) and/or because of production efficiency differentials,
where random terms v it and u it are assumed to be independently and identically normally (N) distributed with mean 0 and variance σ 2 v and truncated normally (N + ) distributed with mean μ it and variance σ 2 u , and v it and u it are distributed independently of each other, and of the regressors.
By converting Eq.
(2) into first differences, we can express growth in output as follows:
where Δln(Y it ) is growth in output, Δln(K it ) and Δln(L it ) are growth in capital and labor inputs respectively, and Δu it is production inefficiency change. Estimates of production efficiency change are obtained as exp(−Δu it ). One way to account for the effects of climatic factors on production efficiency is to first obtain estimates of production efficiency change without accounting for these exogenous factors and then regress the estimates on a set of climatic factors. Wang and Schmidt (2002) demonstrate that estimates obtained using this "two-step" approach are severely biased and make a case for including all exogenous variables in the first step itself as determinants of production inefficiency. Therefore, we use a "one-step" approach for estimating the stochastic production frontier. More specifically, mean and variation of change in the one-sided error term are parameterized as:
where δ 0 and γ 0 are intercept terms and z it is a vector of exogenous climatic factors such as temperature and precipitation. We note that both mean and variance of inefficiency are parameterized by the same variables but allowed to differ in intercept and slope. Thus, though the climatic variables affect both the mean and variance of production inefficiency, the effects are not necessarily the same and could even have opposite signs. We estimate Eqs.
(3) to (5) involving a one-step approach using maximum likelihood estimator. This "one-step" approach avoids the problem of the functional form affecting the determinants of production efficiency. Marginal effects of climatic factors on production inefficiency are obtained by taking expectations conditional on production inputs and climatic factors and then differentiating with respect to climatic variables (as in Wang 2002 Wang , 2003 . 7 By parameterizing both the mean and variance of one-sided error term, we accommodate nonlinear production efficiency effect of exogenous variables such as temperature. If only the mean of inefficiency term is parameterized, then, γ[k] = 0, implying monotonic effects of climatic variables on production efficiency and production uncertainty. Parameterization of both the mean and variance of inefficiency term implies that marginal effects depend on both δ[k] and γ[k] which may differ both in sign and magnitude and lead to non-monotonic marginal effects. Marginal effects help in understanding the direction and magnitude of the impact of climate variables on production efficiency growth. If the sign of marginal effects of temperature is positive, it shows that an increase in temperature lowers production efficiency growth and enhances its variability. Since output is expressed in logarithmic terms, the marginal effects are interpreted as percentage change in growth of output or production inefficiency as a result of a one unit change in a climatic variable.
Data
We estimate the effects of temperature on production efficiency growth using information on output, inputs, and climatic factors-temperature and precipitation at the country level. Data for this study is obtained from three sources. Information on the GDP, labor, and capital has been taken from Penn World Tables (PWT.9). Data on climatic variables is based on Burke et al. (2015) and the World Bank. 8 Temperature is measured in degrees Celsius, and total precipitation is given in millimeters (mm) per year. 9 The Burke et al. (2015) and World Bank data differ in the method used to generate climate data at the country level and the time period covered. Climate data, which is available at a sub-country resolution, is converted to a countryspecific average by Burke et al. (BHM) by constructing a population-weighted average. This data is available for the period 1960-2010. A population-weighted average provides an economically relevant climate realization (Heal and Park 2013) . On the other hand, the World Bank (WB) constructs an area-weighted average of climatic variables using information on temperature and precipitation of land areas obtained from the Climatic Research Unit (CRU) of the University of East Anglia (UEA). 10 This data is available until 2017; however, due to lack of availability of recent data on other variables such as capital stock and labor, we are constrained to analyzing data for the 1950-2014 time period. Area-weighted weather variables are appropriate from a meteorological perspective while population-weighted variables are likely to reflect the impact of climate on economic activities (Tol 2017) . 11 Note that the sample correlation between temperature variables provided by these two sources is 0.96 and it is 0.90 between the two measures of precipitation. 7 Formulas of estimating the marginal effects are given in the Appendix. 8 http://sdwebx.worldbank.org/climateportal/index.cfm?page=country_historical_climate 9 For details on data for climatic factors, please see Burke et al. (2015) . 10 For details on the climatic variable dataset provided by the UEA, please refer to Harrris et al. (2014) 11 Relevance of population-weighted temperature data over area-weighted temperature data for measuring economic impacts is sector-specific. For example, if the objective is to measure the impacts on labor productivity, then, population-weighted temperature data may be well suited, but if we are measuring the impacts for agriculture, then, this might not be the case. We are thankful to one of the reviewers for pointing out this concern.
We consider countries for which complete panel data on climatic and economic variables is available for at least 17 years. This leaves us with an unbalanced panel data for 153 countries over the period of 1960 to 2010 when the climatic variables are obtained from Burke et al. (2015) and for 168 countries when we use climatic data from the World Bank for the time period 1950-2014. In the first set, we have a total of 6167 observations with 73 poor countries, and in the second set, we have 77 poor countries and the total number of observations are 7952. 12 We define a country to be poor if its per capita income, adjusted for purchasing power parity (PPP), was below the sample median in 1980, which was 2011US$ 5173. 13 Table A1 provides descriptive statistics of variables used in the study. It can be observed that poor countries are mainly located in hot temperate zones with an average temperature of about 22.5°C whereas rich countries are on average, experiencing a mean temperature of about 15.5°C. Annual total precipitation does not differ much between the two groups of countries. There is considerable variability within each group of countries with respect to both economic and climatic factors. Table A1 shows that the difference in average temperature over time is higher in case of rich countries relative to poor countries.
Empirical estimation
We estimate the production relationship defined through Eqs. (3) to (3) with production inefficiency change and its variance as functions of average annual temperature and total annual precipitation. Additionally, we account for the heterogeneous effects of climatic factors on developed and developing countries by including interactions of the vectors of temperature and precipitation with the "poor" dummy in Eqs. (4) and (5). The dummy takes a value of one if a country is poor and a value of zero otherwise. Corresponding to Eqs. (3) to (5), the estimated specification is:
where countries are indexed by i and years by t; η t are year fixed effects; Temp it and Precip it are temperature and precipitation variables for country i in year t, respectively; δs and γs are 12 Choice of countries has been restricted by availability of data. For the countries included in the study, see Appendix Table A . 13 Burke et al. (2015) have considered a country to be poor if its purchasing power parity (PPP) adjusted per capita income was below the global median in 1980. An alternative way is to include yearly per capita income as many countries have progressed and have better capacity to adapt to climatic changes since then. But allowing the classification to vary over time could make it an endogenous variable since the unobservable variables that affect current per capita income could also affect TFP.
parameters of the mean and variance functions of inefficiency change, and ω and φ are the error terms. We retrieve the parameters of stochastic production frontier and the determinants of inefficiency change and its variance, using panel stochastic frontier approach. Greene (2005) proposes "true fixed effect" models to differentiate between individual heterogeneity and inefficiency. However, "true fixed effect" models suffer from an incidental parameters problem (Chen et al. 2014 ). In the case of MLE, although the parameter estimates remain unbiased, "but the MLE's of the error variances are biased" (Chen et al. 2014, p. 66) . In stochastic frontier analysis, the error variances are an essential component of the inefficiency term which is extracted from the composite error term. We apply the first difference-MLE model to estimate the production frontier. First difference-MLE removes the incidental parameters while accounting for time invariant effects before estimation and produces consistent estimates of parameters and error variances for fixed time periods by maximizing the likelihood function (Chen et al. 2014 ). Moreover, we include time dummies to account for year-specific effects (e.g., financial crisis of 2008) rather than time trend. This strategy of controlling for time invariant and time variant effects is robust to mis-measurement of controls (Burke et al. 2015) .
We conduct a set of tests to confirm the stationarity properties of the data. We perform firstand second-generation panel unit root tests. Among the first-generation tests, we consider two tests, namely, Im, Pesaran, and Shin, 2003 and Maddala and Wu (1999) . In the secondgeneration tests, we use Pesaran's CIPS test. Results of these stationarity tests are reported in Appendix Tables A1.1 to A1.3. Using 4 lags, we fail to reject the null hypothesis of a unit root for economic variables (real GDP, capital stock, and labor expressed in natural logarithm) but are able to reject the null hypothesis of a unit root for the climatic variables. We find that the economic variables are stationary in first differences.
The test results for cross-sectional dependence (CD) are reported in Appendix Table A2 . We conduct the Pesaran CD test. First, we run fixed effects panel regressions assuming that the growth rate of the GDP is a function of growth rate of capital and labor along with climatic variables. We test the results for cross-sectional dependence and reject the null hypothesis of cross-sectional independence. Then, we again run the fixed effects panel regressions by including year dummies and test for cross-sectional independence by conducting the Pesaran CD test and fail to reject the null hypothesis.
There are possible concerns regarding endogeneity of regressors in stochastic frontier models (Shee and Stefanou 2015) . A possible source of endogeneity could be that factor input variables may be related to unobserved productivity and climatic variables. We address this concern in two ways: (i) stochastic frontier estimation makes explicit distributional assumption of the unobserved productivity ( Van-Biesebroeck 2008) . We assume that the distribution of mean and variance of the unobserved productivity is a function of truly exogenous climatic variables 14 , and (ii) if one of the regressors is stationary in first difference and the explained and explanatory variables are co-integrated, then, least square estimation provides superconsistent slope parameters even if some of the variables are endogenous (O'Donnell 2016). We conduct Pedroni and Westerlund panel co-integration tests and find that the variables are co-integrated (Appendix Tables A3.1 and A3.2).
To test the hypothesis that effects of the climate variables on mean and variance of production inefficiency change are confined to poor countries, we include interaction variables which are the product of average annual temperature and total annual precipitation in a country 14 We assume that the one-sided error term has a truncated normal distribution. and the dummy variable "poor". Estimated coefficients of temperature and precipitation variables describe response function for rich countries, and coefficients of the interaction terms define adjustments to these parameters that are only applicable for poor countries. This implies that if the response of climatic factors is limited to poor countries, then, the coefficients of the interaction terms are statistically significant, but not of temperature and precipitation variables. If coefficients of the adjustment factors are not distinguishable from zero, it implies that climatic factors affect both rich and poor countries equally, and if the coefficients of both climatic factors and their adjustment factors are statistically significant, it implies that both rich and poor countries are affected, but the response could be different. To capture nonlinearity of temperature effects on economic activities, we parameterize both the mean and variance of one-sided error term by truly exogenous climatic variables and the nonlinearity arises as a result.
Does temperature change affects the level of income or growth rate of income? To answer this question, earlier studies (e.g., Dell et al. 2012 ) include lags of climatic factors along with their contemporaneous values in the regression equations. Burke et al. (2015) find that the results become noisier as an increasing number of lags of temperature effects are included and uncertainty in cumulative effect increases. This indicates that by using GDP growth as a dependent variable, it is difficult to distinguish between level and growth effects. We model efficiency growth as a one-sided error term and parameterize it by climatic factors and can therefore estimate medium to long-term effects of temperature on economic activities, which are known to be strongly influenced by efficiency growth.
To check robustness, we estimate the stochastic frontier model using data on climatic variables from two different sources. Table A4 reveals that the estimates of stochastic frontier models are almost identical irrespective of the source of climatic data. We also run the base specification using sub-sample of countries excluding sub-Saharan countries and only for sub-Saharan countries using both sources of weather data. Using weather data obtained from the World Bank, we run the specification for the sub-sample of 1960-2010, a period covered by the BHM dataset, and two sub-samples for the time periods 1970-2014 and 1990-2014, respectively. All sub-sample-level estimates are qualitatively not different from the estimates obtained for the whole sample (Table A5 ). The results reported in Table A5 show that the specification results remain robust regardless of the source of weather variable data, period of study, or group of countries. Table A4 provides parameter estimates of the stochastic production frontier models. We estimate stochastic frontier models including climatic variables. In all versions, we observe that both Δσ u and Δσ v are statistically significant, implying that stochastic frontier model specification is appropriate. Magnitudes of the parameters suggest that one-sided error term explains more of the overall production variance than the usual error term, implying that growth in output is determined by the TFP. Table A4 (versions 2 and 4) provide estimates of the stochastic production frontier when the mean and variance of inefficiency term are parameterized by both climatic variables and their interactions with the "poor" dummy. We find that both temperature and precipitation variables are statistically significant. Coefficients of the interaction terms (adjustment factors) explaining the meaning of the one-sided error terms are not different from zero but they are statistically significant in explaining the variance of the one-sided error term. Note that marginal effect of climatic factors depends on the coefficients of both mean and variance terms. This implies that the response of climatic variables is not confined to poor countries. Both poor and rich countries are affected by climatic factors, and the response in poor countries is different from rich countries. We find that production efficiency growth is higher in rich countries in comparison with poor countries. 15 Our interest lies mainly in estimates of the effect of weather variables on growth and variability of efficiency growth. Parameter estimates of the determinants of mean and variance of one-sided error term are not very informative since they are not marginal effects due to model's nonlinearity. Even the direction of marginal effects of a determinant is difficult to observe from slope coefficients since marginal effects depend on the estimates of both the mean and variance functions of the one-sided error term. Table 1 displays estimates of marginal effects of climatic factors on production inefficiency change and its uncertainty for versions 2 and 4 of the models. Table 1 reports sample means of the marginal effects on production inefficiency change and its uncertainty. Stochastic frontier estimates reveal that the mean and variance effects of weather variables are not confined to poor or rich countries; therefore, we present the marginal effects according to the location of a country in a particular temperature zone. Note that since the model allows nonlinearity, we present the results for 5-bins: "very hot" (average annual temperature above 25°C), "hot" (average annual temperature 20-25°C), "mild" (average annual temperature 15-20°C), "cold" (average annual temperature 10-15°C), and "very cold" (average annual temperature below 10°C). 16 A negative sign of the marginal effect of a determinant of mean production inefficiency change indicates that higher levels of that variable are associated with improved production efficiency change. On the other side, a positive sign signals deterioration in production efficiency change. That is, if the sign of the marginal effect of temperature on production inefficiency change alters from negative to positive within a sample, it implies that the relationship between temperature and its effects on production efficiency change is concave. Similarly, a negative sign for the variance equation parameters implies reduced uncertainty in efficiency growth and a positive sign is an indicator of increasing uncertainty.
Empirical results
The sample mean of marginal production inefficiency change effect and its uncertainty effects of temperature are positive, implying that a 1°C temperature increase reduces production efficiency growth by about 0.1 percentage points 17 and increases its uncertainty by 0.06 percentage points (Table 1 ). The marginal impact of temperature at the bin levels reflect that temperature increase is beneficial for countries that are located in very cold or cold temperature zones but is harmful for countries located in hot or very hot temperature zones. An average country located in a very cold zone benefits due to the temperature increase; however, a country located in a very hot temperature zone is negatively affected by about 0.23 percentage points in terms of efficiency growth loss due to a 1°C increase in temperature. In mild temperature zone, the marginal effect is negligible in magnitude.
Further, to understand nonlinearity in the effects of temperature on efficiency growth and its variability, we present box plots of the marginal effects according to temperature bins (Fig. 1) . Table 1 Marginal effects of climatic variables on the mean and variance of TFP growth (percentage points) Countries are classified into 5-bins: "very hot" (average annual temperature above 25°C), "hot" (average annual temperature 20-25°C), "mild" (average annual temperature 15-20°C), "cold" (average annual temperature 10-15°C), and "very cold" (average annual temperature below 10°C). Sample includes all countries for which the complete panel data on both climate and economic variables is available for at least 17 years. Classification of countries according to temperature bins is given in Appendix Table A . Standard errors (SE) are computed using the delta method ***Significant at the 1% level **Significant at the 5% level *Significant at the 10% level Panel (A) of the figure displays that detrimental marginal effects on efficiency growth, and its variability is negligible for very cold and cold temperature zones, but are more pronounced in hot and very hot regions. It also reveals differences in magnitude of the effects estimated from two different sources of weather data. Note that population-weighted data on weather variables picks up economically relevant climate realizations relative to land area-based weather variables. On an average basis, we find that the magnitude of these effects is slightly larger when measured using land-based temperature relative to population-weighted temperature in very cold and cold regions, but the converse is true for hot and very hot regions. In mild- temperature regions, the effects are of equal magnitude, irrespective of the measurement of temperature data. We are also interested in understanding the effects of temperature change on uncertainty. Estimated results reveal that increasing temperature does not only affect efficiency growth but also its variability (Fig. 1, panel (B) ). Magnitude and direction of the marginal effects of temperature on uncertainty exhibit that additional 1°C increase in temperature has negligible effects if a country is located in the cold zone but this effect is detrimental and substantial for a country located in hot or very hot climate zone. Combined results of marginal effects of temperature on production efficiency change and its uncertainty predict that, other things being equal, additional increases in temperature in hot or very hot climate zones not only lowers efficiency growth but also makes it less stable than before.
We find that marginal effects of precipitation on efficiency growth are positive though the magnitude of the effect is small. This is observed to be true irrespective of the location of a country (Table 1) . A 100-mm increase in annual total precipitation increases efficiency growth by 0.13 percentage points and reduces the variability.
To understand the level of optimal temperature, we scatter plot the marginal effects in Fig. 2 . Sign of the marginal effect of temperature alternates from negative to positive as countries move from very cold or cold regime to hot or very hot regime and strengthens in magnitude (Fig. 2, panel (A) ). The marginal effect of temperature on production efficiency growth is equal to zero or negligible somewhere between 12 to 15°C of temperature based on weather data obtained from Burke et al. (panel (A1) ) and at about 7-8°C for data obtained from the World Bank (panel (A2) ). This finding corroborates with the findings of Burke et al. (2015) . They find that country-level productivity peaks at 13°C of temperature. The figure also reveals that at optimal temperature range, not only the efficiency growth touches the peak but it also becomes more stable than before (Fig. 2, panel (B1) ). 18 The discrepancy observed in the optimal temperature level between the two datasets may be attributed to the fact that areaweighted temperature is appropriate from a meteorological perspective while the populationweighted temperature reflects the impact of climate on economic activity. For example, in Canada or Russian Federation, there is a huge difference in average temperature between the two datasets. In Canada, 1°C population-weighted temperature increase enhances production efficiency growth by about 0.01 percentage points and the corresponding marginal effect is 0.006 percentage points due to increases in area-weighted temperature (Table A6) .
We find that most countries located in very cold temperature zone either benefit from further temperature increases or experience effects that are negligible. However, in hot and very hot countries, further increases in temperature is not only detrimental for production efficiency growth but also makes growth rate less stable than before. Figure 3 reveals that countries such as Mongolia (which is the coldest country based on population-weighted temperature) benefits from any further temperature increase, but hot countries like Brunei Darussalam have to face the hardest detrimental effects. 19 18 Note that we observe a small cluster of points about the optimal zone above the fitted regression line (Fig. 2,  panel A1 and panel B1) .These points belong to Bhutan, which is a poor country. It reflects that it is not only the location of a country but also level of development that determines climatic effects on production efficiency growth and its variability. 19 Average annual marginal effects of temperature on mean and variance of production efficiency growth at the country level are provided in Appendix Table A6 , and Fig. A1 maps the effects based on temperature (WB).
Our empirical results of temperature effects on efficiency growth are quite consistent with findings in other studies. For example, Heal and Park (2013) find that 1°C increase in contemporaneous temperature in India, Thailand, and Nigeria negatively affects per capita output by about 3 to 4% whereas a similar increase in temperature increases output in Norway and Sweden significantly. This shows that a concave relationship between temperature and efficiency growth is a good approximation of the underlying relationship.
We observe a positive relationship between temperature level and its marginal effect on mean and variance of production inefficiency. Correlation coefficients between temperature level and its marginal effects on the mean and variance of inefficiency change are 0.90 and 0.92, respectively, for poor countries, but the correlation coefficients are 0.17 and 0.08, respectively, for rich countries. This implies that the marginal effects of rising temperature on production efficiency change and its uncertainty are more detrimental in poor countries. Further, to understand the role of economic development in moderating impacts of temperature change, we regress the marginal impacts on temperature and per capita income using the fixed effect model. Regression results in Marginal Effects on variance of efficiency growth B1 B2
Note: Red color: temperature source Burke et al. (2015) ; Blue color: temperature source World Bank. Panels A1 and B1 show that marginal effects of temperature on production efficiency growth and its variance are equal to zero or negligible somewhere between 12 to 15 o C. Similarly Panels A2 and B2 show that optimal temperature is at about 7-8 o C. Climatic Change (2019) 156:level but are negatively related to per capita income implying that in the same climate zone, economic development moderates the impacts of temperature.
To further confirm, we plot the relationship between three variables, namely, marginal impacts, level of temperature, and per capita income (Fig. 4) for the sample of countries in which average temperature is less than 25°C. Note that high-income countries located in very hot climate zone are generally oil-producing and oil-exporting countries (OPEC) which experience marginal impacts similar to poor countries. Figure 4 confirms that marginal impacts of temperature increase on mean and variance of efficiency growth are higher for those countries that are located in hot regions and are low-income countries. This result is consistent irrespective of the source of temperature data. These results become shaper as we include poor and very hot countries in the sample (Appendix Fig. A2 ). Our analysis reveals that higher income moderates detrimental temperature effects in countries which observe on average less >0.10 0.07-0.10 0.01-0.07 0-0.01 <0 >0.007 0.005-0.007 0.003-0.005 0-0.003 <0 A: marginal decrease in mean of production efficiency growth Note: Hotter than average temperature is not only detrimental to production efficiency growth but also makes the growth more variable than otherwise and these effects are larger in very hot countries with average annual temperature greater than 25 o C. Countries such as Mongolia benefit from any further temperature increase, but hot countries like Brunei Darussalam have to face the hardest detrimental effects. B: marginal increase in variance of production efficiency growth Fig. 3 Regional distribution of marginal effects of temperature (BHM) on production inefficiency growth (percentage points). than 25°C temperature. These findings combine the findings of Dell et al. (2012) with the findings of Burke et al. (2015) . Reduction in mean efficiency growth is higher for countries in hotter zones and for those with lower per capita income. These countries may have lower growth rates to begin with, and so the relative effect is larger for these countries.
Implications of climate change for growth in production efficiency
We quantify potential effects of climate change on production efficiency growth by combining our parameter estimates with projections of future climatic changes under "business-as-usual" scenarios (Representative Concentration Pathways (RCP) 8.5) for the two periods 2020-2040 and 2080-2100. To quantifying the future potential impacts, we assume that economic activities or TFP changes respond to temperature changes in a manner similar to the response observed during 2000-2010.
We obtain the data on future temperature levels during 2020-2040 (short run) and 2080-2100 (long run) from the World Bank's Climate Knowledge Portal for scenario RCP8.5 for 129 countries. This portal provides monthly data on temperature and precipitation from 16 different climate models. A combination of predictions, known as ensembling, is expected to perform better than individual prediction (Athey et al. 2019) . We use an arithmetic mean of monthly temperature data for these 16 models to obtain yearly average annual temperature. We observe that as compared with 2000-2010, average temperature in 2020-2040 will be 1.7°C higher and in 2080-2100 will be about 4.8°C higher.
To project the effect of warming on production efficiency growth, we assume that populationweighted temperature change follows the meteorological temperature change pattern. Using parameter estimates derived using BHM temperature dataset, we find that in the short run and long run, on an average, production efficiency growth declines by 0.11 and 0.26 percentage points, respectively, while production uncertainty increases by 0.006 and 0.018 percentage points in short-run and longrun temperatures, respectively (Fig. 5) . The impacts are not uniform across countries if the countries are facing 2020-2040 and 2080-2100 temperature in 2000-2010. Sierra Leone would have been the worst affected as it loses about 3.23 percentage points in TFP growth, but Mongolia gets better off as it would have experienced improvement in TFP growth rate of the magnitude of 0.023 percentage points with higher stability. In the long run, Sierra Leone will face temperature increase of about 2.7°C and there will be about 6°C increase in temperature in Mongolia. Note that the projected marginal impacts are a function of baseline temperature (Fig. 3) . 20 In particular, some European countries and Canada could have benefited from increased average temperatures (Fig. 5) . 20 Projected marginal effects of temperature on the mean and variance of production efficiency growth at country level for short run and long run are provided in Appendix Table A7 , and Fig. A3 maps the projected short-run values.
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Notes: x-axis measures temperature in o C; y-axis measures per capita income in thousand 2011US$ in terms of PPP; and z-axis measures the marginal effect of temperature change on mean inefficiency growth. The effects are higher in high temperature and low income countries, i.e., higher income moderates detrimental temperature effects in countries which observe on average less than 25 o C temperature. In the formulation of these figures countries having annual average temperature more than 25 ºC are not included. Projected effects show that short-to long-run marginal effects of temperature increase would not have been much different in rich countries but would have been more pronounced in poor countries. For example, for the USA, the effects would be about 0.013 to 0.018 percentage points of loss in production efficiency growth in short-run and long-run temperatures, but in Zimbabwe, the effects would have been 0.051 to 0.11 percentage points despite the fact that temperature increase would have been higher in USA than in Zimbabwe. Similarly, we observe that India and Bangladesh would have experienced losses in marginal TFP growth of about 0.11 to 0.28 and 0.21 to 0.94 percentage points, respectively, in short-to long-run projected temperatures. Note that further increase in temperature is not affecting the variability of TFP growth in USA, but growth rate in the TFP in poor countries is less stable than before. Some of the developed countries such as Finland would have been benefited from further temperature increase and countries like the UK would have been the least affected. Overall, we find that poor countries are more vulnerable than rich countries though they face similar or lower temperature increase since marginal effects are a function of base-level temperature and economic development. Generally, the marginal effects are more pronounced in the countries of South Asia, sub-Saharan region, OPEC, and Latin America both in short run and long run.
Discussion and conclusion
This paper examines the economy-wide relationship between temperature and production efficiency growth using a one-step stochastic frontier approach for a sample for 168 countries over the period 1950-2014. We examine the marginal effects of temperature on production efficiency growth and uncertainty. We find that an increase in temperature by 1°C reduces average efficiency growth while increasing its uncertainty. These effects are larger for poor countries relative to rich countries. The marginal effects of an increase in temperature differ widely across countries depending on the temperature zone and GDP level. At the margin, we find that a 1°C increase in temperature is beneficial for countries located in cold or very cold temperature zones but it is harmful for countries located in hot or very hot temperature zones. These results show the importance of incorporating nonlinearity in the relationship between temperature and efficiency growth and its implications for heterogeneity in the effects of temperature changes across countries in different temperature zones. Our findings also show that the effects of temperature on efficiency growth are not deterministic, particularly for countries located in hot-temperature zones; climate change increases uncertainty in production efficiency growth in these countries. In general, we find evidence of a concave relationship between temperature and efficiency growth. We also find increased uncertainty in efficiency growth as temperature increases, particularly in developing countries. It is also found that the adverse effects of climate change are largely due to changes in temperature and that the effect of changes in precipitation on production efficiency are negligible, though beneficial.
Furthermore, our forecast of the impact of potential changes in temperature on production efficiency growth and uncertainty shows the effect is not trivial since it is additional to current impact estimates. Our finding that production efficiency growth declines by 0.11 and 0.26 percentage points, respectively, while production uncertainty increases by 0.006 and 0.018 percentage points in short run and long run, respectively. Moyer et al. (2014) and Dietz and Stern (2015) show that the trajectory of output is highly sensitive to changes in the TFP. Even a small magnitude of TFP damages leads to a substantially different consumption growth path.
For example, Moyer et al. (2014) observe that consumption in 2300 reduces by 70% relative to the no climate change scenario due to the effects of climate change in TFP growth.
Estimates of the effects of temperature on productivity are key to determining the climate damage function in the IAMs and estimating the social cost of carbon. Most IAMs are developed at a global level or at regional level and assume a common damage function. However, damage functions can be expected to vary across countries depending on current climatic conditions in those countries and their level of development that can influence the ability to mitigate and adapt to those damages. Moreover, these damages due to climate change can be expected to be stochastic and not deterministic as assumed currently in the IAMs. Existing empirical evidence of these damage functions and their heterogeneity across countries are limited and sector-specific.
Our analysis shows that climate change has dynamic and nonlinear effects on TFP growth and increases uncertainty of future growth possibilities. These effects are more pronounced in poor countries than rich countries. Since marginal effects are a function of base-level temperature and level of economic development in a country, we find that in poor countries, a further increase in temperature by 1°C affects the TFP growth rate by 0.112 percentage points, but in the rich countries, the loss is 0.083 percentage points. Moreover, TFP growth is more stochastic in poor countries than rich countries due to temperature increase. The variance of TFP growth increases by about 0.01 percentage points, on average, among both groups of countries.
Our findings contribute to improve understanding of the mechanisms by which climate change affects economic activity. We provide empirical evidence on the magnitude of the impact and how this impact varies across countries which can be directly incorporated in the IAMs to improve their predictive capabilities for estimating the social cost of carbon. We show that these effects are non-linear and occur because temperature affects the productivity of labor and capital, and these effects differ both across locations and with the level of development of a country. These findings imply that global IAMs should incorporate damage functions that differ across countries. Estimates of climate damages, i.e. social cost of carbon, will also differ across locations based on their current climatic conditions and country-specific trajectory of changes in temperature. We leave it to future research to use these damage functions to estimate the social cost of carbon at a country-specific level.
